Abstract: Soil quality evaluation is an effective pathway to understanding the status of soil function and ecosystem productivity. Numerous studies have been made in managed ecosystems and land cover to quantify its effects on soil quality. However, little is coincident regarding soil quality assessment methods and its compatibility in highly heterogeneous soil. This paper used the soil survey database of Taihang Mountains as a case study to: (i) Examine the feasibility of soil quality evaluation with two different indicator methods: Total data set (TDS) and minimum data set (MDS); and (ii) analyze the controlling factors of regional soil quality. Principal component analysis (PCA) and the entropy method were used to calculate soil quality index (SQI). SQI values assessed from the TDS and MDS methods were both significantly correlated with normalized difference vegetation index (p < 0.001), suggesting that both indices were effective to describe soil quality and reflect vegetation growth status. However, the TDS method represented a slightly more accurate assessment than MDS in terms of variance explanation. Boosted regression trees (BRT) models and path analysis showed that soil type and land cover were the most important controlling factors of soil quality, within which soil type had the greatest direct effect and land cover had the most indirect effect. Compared to MDS, TDS is a more sensitive method for assessing regional soil quality, especially in heterogeneous mountains. Soil type is the fundamental factor to determining soil quality. Vegetation and land cover indirectly modulate soil properties and soil quality.
Introduction
Soil quality has been a key issue in agrology, agronomy, and environmental science with the increasing awareness of its importance in soil management and ecosystem sustainability [1] . Numerous definitions of soil quality have been proposed since the 1990s [2] [3] [4] [5] , among which the most widely adopted one is the capacity of soil to sustain biological productivity, maintain soil function and environmental quality, and promote plant and animal health within ecosystem boundaries [6, 7] . In other words, maintaining vegetation productivity without degrading environmental sustainability is the core of soil quality. Therefore, the quantification of soil quality is of great significance to understand soil nutrient conditions and identify problem areas before formulating targeted schemes for sustainable land use management [8] .
Accurately and reliably evaluating soil quality is essential for a better understanding of soil function and making wise decisions in sustainable soil management and land use [9] . However, soil quality evaluation is still ongoing in the field of soil science. Although many methods have been 2 of 18 developed, there is no universal method to determine soil quality [8, 10] . Soil quality indices (SQIs) are commonly used methods so far and have been proven to be a successful tool of reflecting soil quality conditions [9, 11] . A robust SQI should be: (i) Sensitive to soil management; (ii) sensitive to changes in soil function(s); and (iii) easily measurable [12] . SQI cannot be directly measured, but it is generally developed through score-based integration of selected physical, chemical, and biological soil properties into an index. This process commonly involves three steps: First, selecting a representative data set of soil properties in relation to a particular soil function, then normalizing these soil properties into unitless scores, and finally integrating the scores into an index [8, 11, 13, 14] . Indicator selection is the most important step, because it can influence evaluation results from the beginning. However, there is no consistent methodology so far to select a universal data set to characterize soil quality across all regions and scales [15] . Therefore, many SQIs have been proposed, according to specific purposes. For example, nutrient elements related to crop yield are usually included in farmland quality evaluation [16] , while mine soil quality assessment has to consider heavy metal concentration threshold [17] . In most of the previous studies [8, 18, 19] , soil organic matter is regarded as a critical indicator for soil quality evaluation. Other soil properties such as nitrogen, phosphorous, potassium, soil texture, cation exchange capacity, bulk density, and potential of hydrogen (pH) value are also believed to have a considerable impact on soil quality. This has raised concerns about the selection of essential indicators for soil quality.
Most previous studies collected the data of soil properties from field sampling and laboratory measurements [10, 20] . Soil quality evaluation based on the total data set (TDS) of soil properties includes more information and results in a more comprehensive and accurate outcome if data are accessible [8, 9, 21] . However, data acquisition requires too much analysis if the study sites are extended to regions, thereby becoming costly, labor-intensive, and time-consuming. Some techniques, such as pedotransfer functions [22] , local farmer knowledge [23] , and visible-near-infrared spectroscopy [24] are proposed to simplify and accelerate the procedure of acquiring data of soil properties. Soil quality evaluations with these techniques are often conducted at low spatial resolution. However, soil database, an essential component of soil quality evaluation [25] , especially for large scales such as regional, national, or even global levels, is seldom used to evaluate soil quality. A minimum data set (MDS) is recommended to be the most suitable method to represent soil quality indicators, especially for large-scale evaluation. Previous studies have proven that the MDS method has the capacity to select key indicators which contained adequate information for soil quality assessment. Moreover, the MDS method can reduce the number of indicators so that the work of laboratory analysis would be lessened [8, 9] . Nevertheless, compared to the MDS method, TDS is found more informative [9] , and perhaps is more effective in large-scale soil quality evaluation. However, comparison of TDS and MDS in the quantification of soil quality is rarely evaluated regionally.
In addition, more studies are focused on defining and assessing soil quality more than on analyzing factors influencing soil quality. Furthermore, most of these limited factor analyzing studies only concerned fertilization management as the factor affecting soil organic matter or carbon content rather than soil quality [26] [27] [28] . However, other factors, such as soil parent material, land cover, topography, and climate also hold the key to soil quality, especially in mountainous areas with highly spatial heterogeneity. For example, soil type is associated with parent materials and thus a crucial factor affecting soil erosion and organic matter [29, 30] . Soil loss and soil quality also vary with vegetation and/or land use and land cover [29, 31] . In mountainous areas, elevation and slope are important topographic factors and research suggests that they both have a great effect on soil quality and erosion rates [29, 32] . In addition, soil water availability shows significant effects on aggregate size distribution in semi-arid areas [33] . Unfortunately, it remains unclear how important these factors will be to soil quality, particularly in highly heterogeneous mountainous areas.
Located in the earth-rocky mountainous region of northern China, Taihang Mountains are the transition zone of Loess Plateau and North China Plain. They are highly heterogeneous due to dramatic changes in terrain, soil type, and vegetation [34, 35] . Some studies have attempted to address small-scale soil quality in the Taihang Mountains. For example, Du [36] analyzed the influences of conservation tillage practices on soil quality in the piedmont plain of the Taihang Mountains. Liu [37] discussed the effect of land cover changes on soil chemical properties. Yang [38] investigated the spatial distribution of soil heavy metals in Taihang piedmont Plain. All these studies, usually based on catchment or county scale, focused on the present status of some soil properties and their changes with external forces. However, a holistic cognition of soil quality is still lacking in the Taihang Mountains. As such, the objectives of this study were to: (i) Propose suitable methods for soil quality evaluation of the Taihang Mountains using soil database; (ii) compare soil quality assessment based on TDS and MDS and then identify the appropriate indicator selection method for assessing soil quality; and (iii) explore the controlling factors of soil quality.
Materials and Methods

Study Area Description
The Taihang Mountains (34 • 15 -41 • 09 N, 110 • 14 -116 • 35 E), stretching 400 km from north to south in northern China, cover an area of ca. 136,000 km 2 ( Figure 1 ). They are the transition zone between the North China Plain and Loess Plateau and the demarcation line of semihumid and semiarid climate from east to west, respectively. The study area has predominantly mountainous topography with an average elevation of 1000-1500 m, which decreases from the northwest to the southeast [34] . Climate belongs to a semihumid warm temperate continental monsoon type, characterized by distinct seasonal variation with an annual average temperature of 7.3-12.7 • C and annual average precipitation of 560 mm, of which 70-80% occurs between June and August. Due to terrain variation and temperature, precipitation gradients, highly heterogeneous soil, and vegetation types present in the study area, soils in the Taihang Mountains develop mainly from limestone in the northern and southern parts, but from gneiss in the middle region. The soil layers are thin, but with abundant gravel content. There are 28 categories of soil type, based on the Food and Agriculture Organization (FAO-90) soil classification system [34] . Vegetation patterns are significantly affected by topography, elevation, slope, and aspect, as well as the interactions between these environmental factors [35] . The Taihang Mountains represent the convergence zone of the southern and northern floras of the East Asian continent, with species turnover from deciduous broadleaf to coniferous species, along with an increase in elevation, and from the south to north. Vegetation is composed of temperate forests dominant by Quercus spp., Betula platyphylla, Larix principis-rupprechtii. There are obvious vertically zonal differences in montane vegetation, due to vertical difference of mountain topography and climate. Lowland vegetation is influenced by human activities and replaced by cultivated land. With the increase of altitude, deciduous broad-leaf forests and coniferous forests appear. Primary forests are very rare and are usually replaced by secondary forests or shrublands, due to past heavy human disturbance. In contrast to the original forests, the secondary communities are also highly heterogeneous. 
Data Source
Soil Database
The data of soil properties are accessible via the Soil Database of China for Land Surface Modeling [39] . The database was developed based on 8979 soil profiles and the soil map of China (1:1,000,000). The polygon linkage method is employed under the framework of Genetic Soil Classification of China to guarantee quality control [40] . The database includes soil physical and chemical properties. Data are stored in the format of network Common Data Form (netCDF), which can be converted to a raster format with a resolution of 30 arc-seconds for further analysis. The data of soil properties are collected vertically by eight layers to the depth of 2.3 m. Considering the water and nutrient availability of soil for vegetation, we used the surface soil to the depth of 20 cm for this study. This soil layer is widely regarded as the dominant layer for many ecosystem processes, and thus generally used as sample depth to study soil function [41] .
Satellite Data
The normalized difference vegetation index (NDVI), a proxy of leaf area index, aboveground biomass and percentage cover vegetation, was acquired through Moderate Resolution Imaging Spectroradiometer (MODIS) vegetation indices products (MOD13A3). We calculated the multi-year (2000-2016) average of NDVI as an index to represent the general growing status of vegetation. NDVI was used to examine the validity of SQI through Pearson correlation analysis. Before correlation analysis, we conducted Kolmogorov-Smirnov tests for all variables and found no rejection of normality. Land cover data were obtained from the Global Land Cover 2000 project [42] and seven main land cover types were included in this study for further analysis ( Table 1 ). The ratio of actual evapotranspiration to potential evapotranspiration was calculated from MODIS evapotranspiration 
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Satellite Data
The normalized difference vegetation index (NDVI), a proxy of leaf area index, aboveground biomass and percentage cover vegetation, was acquired through Moderate Resolution Imaging Spectroradiometer (MODIS) vegetation indices products (MOD13A3). We calculated the multi-year (2000-2016) average of NDVI as an index to represent the general growing status of vegetation. NDVI was used to examine the validity of SQI through Pearson correlation analysis. Before correlation analysis, we conducted Kolmogorov-Smirnov tests for all variables and found no rejection of normality. Land cover data were obtained from the Global Land Cover 2000 project [42] and seven main land cover types were included in this study for further analysis ( Table 1 ). The ratio of actual evapotranspiration to potential evapotranspiration was calculated from MODIS evapotranspiration products (MOD16A2) as an indicator of water availability, with an index close to 1 indicating adequate water provision for the plant. All the data above were at 1 km spatial resolution.
Soil Type and Terrain Data
The soil dataset was provided by the Data Center for Resources and Environmental Sciences (RESDC), Chinese Academy of Sciences (http://www.resdc.cn). Based on Chinese Soil Taxonomy [43] , soil types with land area less than 1% of the total in this region were eliminated in statistical analysis. The total area eliminated accounted for 1.86% of the study area. Hence, eight principal soil types were left (Table 1) . Elevation data were obtained from the NASA Shuttle Radar Topographic Mission (SRTM) (http://srtm.csi.cgiar.org) and slopes were derived from elevation with ArcGIS 10.2.
All data used in this study, including the soil database, satellite data, soil type, and terrain data, were resampled to 1 km spatial resolution with the nearest neighbor assignment method on ArcGIS 10.2 for subsequent analyses with uniform spatial resolution. 
Soil Quality Evaluation
The soil quality evaluation procedure includes three steps: Indicator selection, indicator scoring, and soil quality index developing.
Indicator Selection
Selecting soil properties as indicators to evaluate soil quality holds the key to the accuracy of evaluation. Different indicators are chosen, according to specific aims linking to soil functions. In this study, we aimed to address the contribution of soil quality to vegetation activity, so we selected soil properties relating to plant growth based on previous studies [9, 16, 18] . Physical, chemical, and biological soil properties are often considered as important indicators in soil quality evaluation. Most of the soil physical and chemical properties are relatively stable in time and suitable for defining long-term measurement. Meanwhile, biological properties are variable and sensitive to management practices, and appropriate for short-term soil monitoring [25] . This study is designed to provide information for long-term and regional soil function based on soil quality evaluation, so biological indicators were not under our consideration. Therefore, eleven physical and chemical soil properties were chosen as TDS indicators for evaluation (Table 1) .
For the MDS method, principal component analysis (PCA) was applied on the standardized data matrix of TDS to select the most suitable and representative indicators for soil quality evaluation. We used function "prcomp" in software R version 3.5.1 (R Core Team, Vienna, Austria) to perform the PCA. We set coefficient "center" and "scale." of the function as TRUE to zero, centered, and scaled the variables to have unit variance before the analysis. Eigenvalues and loadings can be obtained directly. The principal components (PCs) with eigenvalues ≥1 were regarded as valid for the identification of MDS [44] . For each PC, indicators having a loading value within 10% of the highest weighted loading were retained for MDS, and correlation analysis was conducted to examine indicator redundancy when more than one indicator remained [45] . If the remaining indicators within each PC were correlated, only the indicator with the highest weighted loading was chosen for MDS. Otherwise, each indicator was selected in the MDS [11] . In the first axis PC1, organic matter fraction (SOM) and total nitrogen (TN) have quite similar loading values to cation exchange capacity (CEC). Considering that SOM and TN are the soil properties mostly used in soil quality evaluation [18] , we also include these two properties in the MDS indicators, and their weights are assigned according to their loadings in PC1. As a result, a representative MDS was determined by six indicators in the first four PCs in this study, that is, CEC, SOM, TN, available potassium (AK), clay fraction (CF), and total potassium (TK), explaining 72.57% of the variance for the TDS (Table 2 ). Other PCs only covered 27.43% of variance, which could be neglected. 2 Underlined factor loadings are considered highly weighted. 3 Boldfaced factor loadings are the highest weighted loading in each principal component (PC). Underlined factor loadings correspond to the soil indicators included in MDS. See Table 1 for abbreviations.
Indicator Scoring
All indicators were normalized using a fuzzing logic algorithm for the sake of eliminating the effect of dimension and magnitude of different indicator units [45, 46] . Before scoring, thresholds of each indicator were set according to the "ideal soil" standards referred on the Second Nationwide General Soil Survey [47] (Table 3) . Then, three types of standard scoring functions [5, 46] were employed for three kinds of indicators: (1) "More is better"-a type S curve characterizes SOM, CEC, TN, total phosphorus (TP), TK, alkali-hydrolysable nitrogen (AN), available phosphorus (AP), and AK, (2) "less is better"-a type reverse S curve characterizes bulk density (BD), and (3) "optimum mid-point"-a type parabola curve characterizes pH and CF. As a result, soil properties were transformed into unitless data using the following equations:
Type reverse S :
Type parabola :
where x is the value of each indicator; f (x) is the score of each indicator ranging from 0.1 to 1.0; L, M, and U are the lower, optimum, and upper thresholds of the ideal soil indicators, respectively. 
Establishing Soil Quality Index
Weights were assigned for indicators in both TDS and MDS. After weight assignment, SQIs were developed using the weighted additive method.
For the MDS, the weight of each soil indicator was determined by the variation of each respective PC (%), normalized to unity [45] . Then SQI was calculated as below:
where SQI MDS is the soil quality index developed with MDS, w i the weight of indicator i, and f(x) the indicator score.
For the TDS, the entropy method was used to develop the soil quality index [48] . In information theory, entropy is the measure of how disorderly a system is, while information is the measure of the degree of order [49] . That is to say, an indicator with higher degree of variation has a smaller entropy value and can provide more information, and thus a greater weight should be assigned. Therefore, the weight for each indicator in TDS was distributed by their variation using the entropy method. The steps of calculating the soil quality index can be described as follow:
(1) Constructing indicator matrix;
(2) standardizing the indicator matrix based on Equations (1)- (3) and (5);
(3) calculating the entropy value for each indicator;
(4) computing the variation coefficient for each indicator;
(5) determining weight for each indicator;
(6) developing the soil quality index;
where X is the indicator matrix; x ij the value of indicator j at raster i; m the number of rasters; n the number of indicators; Y the standardized indicator matrix; y ij the standardized value of indicator j at raster i; f (x) the indicator score; and e j , g j , and w j the entropy value, variation coefficient, and weight for each indicator, respectively. SQI TDS is the soil quality index developed with TDS.
Controlling Factors of SQI
Boosted regression trees (BRT) and path analysis were used to identify the influencing factors and their importance in determining soil quality.
BRT is an ensemble method as an advanced regression model based on a machine learning technique. It is an effective method of exploring nonlinear relationships between distribution patterns and environmental variables, interactions between variables, and the relative importance of each variable [50] . During the operation process, a data set is usually subsampled randomly and repeatedly for modelling to reduce stochastic errors. Each BRT model generates a result and the averaged result determines the relative importance of predictor variables. At present, the BRT method has been proven to have a strong performance in fitting statistical models [51, 52] . In this study, we utilized the BRT model to analyze the impacts of soil type, land cover, water availability, elevation, and slope on SQI. An SQI with a better outcome from the TDS or MDS method to reflect vegetation activity was chosen for BRT analysis. We set model input parameters for learning rate, tree complexity, and bagging fraction at 0.005, 2, and 0.5, respectively. The BRT model was operated 50 times using the "gbm" package in R software with the script provided by Elith et al. [51] . The relative importance of controlling factors was calculated in percentages and their sums equal to 100%. Higher importance values indicated stronger influence on SQI.
Path analysis, an extension of the regression method, has been proven to be an effective method in differentiating direct and indirect effects of a group of independent variables on the dependent variable [53] . In our study, path analysis was carried out by path chart on software SPSS version 18.0.0 (SPSS Inc., Chicago, IL, USA) to further separate the direct and indirect influence of soil type, land cover, water availability, elevation, and slope on soil quality.
Results
The Validity of Soil Quality Index
SQIs of both TDS and MDS were divided respectively into 100 equal groups. Mean values of NDVI at each group were calculated to test the correlation between SQI and NDVI. Statistical analysis showed that SQIs of the two methods both had significant correlations with NDVI (p < 0.001, Figure 2) , indicating that the two indices can reflect vegetation activity and can be used to evaluate soil quality. From the results of linear regression, the correlation coefficient (R 2 ) of the TDS method was slightly higher than that of MDS (Figure 2) , suggesting that the SQI developed by TDS was comparatively better. Both of the R 2 values were not high (0.4432 for TDS and 0.4273 for MDS), indicating that aside from SQI, other factors, such as air temperature, precipitation, cloud, terrain, and fauna, could also have a considerable impact on NDVI. Overall, the statistically significant correlation between SQI and NDVI indicated that SQI was indispensable to providing information for NDVI response and able to gain insight into its biological significance to vegetation. slightly higher than that of MDS (Figure 2) , suggesting that the SQI developed by TDS was comparatively better. Both of the R 2 values were not high (0.4432 for TDS and 0.4273 for MDS), indicating that aside from SQI, other factors, such as air temperature, precipitation, cloud, terrain, and fauna, could also have a considerable impact on NDVI. Overall, the statistically significant correlation between SQI and NDVI indicated that SQI was indispensable to providing information for NDVI response and able to gain insight into its biological significance to vegetation. 
The Spatial Patterns of Soil Quality
The spatial pattern of soil quality in the study area was highly heterogeneous. In order to illustrate the spatial pattern of SQI clearly and to understand its distribution quantitatively, a simple equal interval classification method was used to classify SQI into eight classes in this study ( Figure 3 , Table 4 ). The SQI spatial patterns calculated by the TDS and MDS methods were similar, with peak SQI values in grade III and IV (Table 4) . However, the SQI values in the same position showed a notable uptrend from TDS to MDS (Figure 3 , Table 4 ). The area statistics for each 0.1 SQI interval indicated that interval III accounted for the largest area proportion for both the TDS and MDS method. In the TDS method, more than half of the total area (52.58%) was located in interval III, while the percentage for MDS was 29.96%, followed closely by interval IV (29.86%). SQI values larger than 0.80 only occupied very limited areas of the whole region in both the TDS and MDS method. 
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The Controlling Factors of Soil Quality
Since TDS led to a better evaluation result, we took it for BRT analysis. The results of the BRT model showed that soil type was the most important factor to influence SQI, accounting for 59.01% The spatial patterns of soil quality in the Taihang Mountains varied largely along with topography. The landforms of the Taihang Mountains are mainly composed of rugged mountains and basins or valleys, which are usually distributed alternately. Generally, mountains have higher soil quality than hilly lands, valleys, and basins. Xiaowutai Mountain, Wutai Mountain, and Hengshan Mountain in the northern Taihang Mountains, Taiyue Mountain in the middle, and Wangwu Mountain and Zhongtiao Mountain in the southern had high soil quality. By contrast, the soil quality indices in Sanggan River Valley, Datong Basin, and Xinding Basin in the northern, Taiyuan Basin in the middle, and Linfen Basin, Yuncheng Basin, and Changzhi Basin in the southern, as well as the Taihang Piedmont Plain were relatively low. Among other things, soil quality around Xiaowutai Mountain was the highest, while that in the north end of Taiyuan Basin displayed the lowest (Figure 3 ).
Since TDS led to a better evaluation result, we took it for BRT analysis. The results of the BRT model showed that soil type was the most important factor to influence SQI, accounting for 59.01% of the relative importance, while the value of water availability was lowest, with a proportion of only 6.06%. Other factors shared very similar influence. For example, elevation and slope accounted for 10.68% and 9.92% of the relative importance, respectively. The impact of land cover was 14.24%, only less than soil type (Figure 4) . of the relative importance, while the value of water availability was lowest, with a proportion of only 6.06%. Other factors shared very similar influence. For example, elevation and slope accounted for 10.68% and 9.92% of the relative importance, respectively. The impact of land cover was 14.24%, only less than soil type (Figure 4) . Table 1 for abbreviations.
After BRT modelling, the direct and indirect impacts of the five controlling factors of soil quality were further analyzed via path analysis. SQI had significant correlation with soil type (ST), land cover (LC), water availability (WA), elevation (EL), and slope (SL) respectively. The direct path coefficient showed that soil type had the most important direct effect on soil quality, while land cover had the least direct effect. The direct path coefficients for SL and LC were 0.439 and 0.112, respectively. Conversely, the indirect effects of land cover and soil type were the highest and lowest in influencing soil quality with indirect path coefficients of 0.291 and 0.054 for LC and SL, respectively. In total, soil type and land cover were the two dominant factors influencing soil quality with total (direct plus indirect) path coefficients of 0.493 and 0.403, respectively. The other three factors had smaller total effects on soil quality with the total path coefficients ranging from 0.303 to 0.350 (Table 5 ). For each environmental factor, we further analyzed soil quality change with the grades or different types of them ( Figure 5 ). In terms of soil type, SQI was highest in brown soil (BS), followed by cinnamon soil (CS), and lowest in neoalluvial soil (NS). As far as land cover was concerned, SQIs of forests were the highest, and then followed successively by shrubland, grassland and meadow, cropland, and others. Moreover, SQIs increased with increasing soil water availability and elevation, but showed insignificant change with slope. Table 1 for abbreviations.
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Discussion
Soil Quality Indices and Distribution Patterns
Soil quality of the Taihang Mountains is generally in low to moderate level, based on the evaluation with two different indicator selection methods (Figure 3) . These results were supported by Liu et al. [37] , who proposed that the conversion of forest into farmland in the Taihang Mountains before the 1970s led to deterioration of soil properties and land degradation, and then vegetation began to recover and soil started to restore after a series of ecological projects, such as the Grain to Green Program by the government in the past three decades. The spatial patterns of soil quality are partially in accordance with terrains in the study area. Mountains such as Zhongtiao Mountain, Yanshan Mountain, and the Loess Plateau are located to the south, north, and west of the area, respectively. These areas are mainly covered by natural vegetation with high soil quality. Meanwhile, croplands as the dominant landforms, like North China Plain, Beijing-Tianjin-Tangshan region, and Figure 5 . The relationships between soil quality indices with the grades of five environmental factors, soil type (a), land cover (b), soil waster availability (c), elevation (d), and slope (e). One-way ANOVA was conducted within each environmental factor to test for differences among groups. Different letters above the error bars indicated significant differences between groups at p < 0.05, e.g., letters a-g for soil type (a), and it was the same with land cover (b), soil water availability (c), elevation (d) and slope (e). See Table 1 for abbreviations.
Discussion
Soil Quality Indices and Distribution Patterns
Soil quality of the Taihang Mountains is generally in low to moderate level, based on the evaluation with two different indicator selection methods (Figure 3) . These results were supported by Liu et al. [37] , who proposed that the conversion of forest into farmland in the Taihang Mountains before the 1970s led to deterioration of soil properties and land degradation, and then vegetation began to recover and soil started to restore after a series of ecological projects, such as the Grain to Green Program by the government in the past three decades. The spatial patterns of soil quality are partially in accordance with terrains in the study area. Mountains such as Zhongtiao Mountain, Yanshan Mountain, and the Loess Plateau are located to the south, north, and west of the area, respectively. These areas are mainly covered by natural vegetation with high soil quality. Meanwhile, croplands as the dominant landforms, like North China Plain, Beijing-Tianjin-Tangshan region, and Fen-wei Basin are distributed adjacently to the eastern and western margins of the study areas, which have lower soil quality. These findings were similar to other studies [31, 54] , which showed lower soil quality was commonly observed under agricultural soils than undisturbed natural ecosystems.
In this study, soil quality indices from both TDS and MDS had significant correlations with NDVI, indicating that both methods can represent overall soil conditions to reflect plant growth state. MDS is widely adopted to assess soil quality, although TDS can produce a more comprehensive outcome, owning to the advantage of MDS to reduce time and cost [8, 9, 11] . Our results confirmed that MDS had adequate information for soil quality evaluation because of the significant positive correlation between SQI MDS and SQI TDS (R 2 = 0.86). However, the TDS method could result in slightly more accurate and sensitive results. TDS contained more indicators, so more information was needed and more limits had to be considered during the soil quality evaluation process. Further, MDS had fewer indicators and a relatively higher weight of each indicator compared to TDS. As a result, SQI values calculated by TDS were generally lower than those by MDS. Regardless, both methods showed the same trends of SQI. Overall, if data are accessible, the TDS method is a better choice for soil quality assessment due to the higher explanation of variation (R 2 ) to NDVI (Figure 2) , indicating a more accurate evaluation outcome.
Controlling Factors of Soil Quality
The spatial distribution of soil quality in the study showed a highly regional heterogeneity, which might be attributed to internal factors, like soil type, and external factors, such as land cover, soil water availability, and terrain.
Soil type determines the levels of many soil properties and contributes to the background of soil quality [30, 55] . In this study, SQI values differentiate substantially across soil types. Different soil types have distinct soil textures, which primarily depend on the mechanical composition of soil parent material. The mineral and chemical composition of soil parent material has a large impact on soil properties, such as soil nutrients. Therefore, as an internal factor, soil type has established the foundation for soil quality. In this study, brown soils, developed in montane secondary broadleaf forests above 1000 m a.s.l., have better soil structure, deep soil, and soil organic matter, and therefore have the highest soil quality [56] . Cinnamon and fluvo-aquaic soils are distributed in hilly lowlands and piedmont plains with vegetation of bushes and crops, characterized by medium soil organic matter and thus median soil quality. Neo-alluvial soils, developed on modern alluvial and alluvial matter, are mainly distributed in riverbed floodplain and have the lowest soil nutrient with the lowest soil quality. The sequence of soil quality also reflected the altitudinal change from higher altitude brown soils to lower altitude cinnamon and neo-alluvial soils.
Land cover is one of the most important factors which have to be taken into account in exploring the spatial differences of soil quality. In this study, SQIs of forests were the highest, and then followed successively by shrubland, grassland and meadow, cropland, and others. Liu et al. [37] also stated that afforestation in Taihang Mountains could improve soil properties, such as soil nutrients, in the long run. The SQI of deciduous broadleaf forest was highest, in line with previous studies [31, 57] . Deciduous broadleaf species produce high-quality litter and the litter layer is critical for maintaining soil water conservation and fertility, because its decomposition can replenish soil nutrients and form the humus layer, which contains much soil organic matter [58, 59] . Cropland had a relatively low SQI compared to natural vegetation in this region, a similar result with Marzaioli et al. [57] . Masto [54] reported that ploughing could disturb the soil macro-aggregates and crops did not have extensive root systems and protective canopies to prevent soil from erosion and preserve a favorable environment for vegetation and microbial growth. Moreover, heavy cropping in past decades resulted in land degradation. Farmers cultivate in spring and reap in autumn and seldom fertilize or irrigate during the growing season because of poor transportation and low living standards, especially in remote mountainous areas. Such a cropping pattern gradually reduces soil quality. Furthermore, species abundance increases the amount of litter fall and its decomposition rate significantly, which accelerates nutrient cycling [60] . Hence, the monoculture of croplands is another reason for the lower SQI in cropland.
Water and soil are essential for plants and their interaction can affect vegetation growth. Our analysis found that the more water was available for vegetation, the better soil quality and therefore higher vegetation activity would be. On the one hand, as the medium of nutrient elements for dissolution and movement, soil water condition influences soil physical and chemical properties, such as soil aggregate size, nutrient concentration, and microbial activity [33, 61, 62] . In the piedmont plain of Taihang Mountains, Du et al. [36] revealed that conservation tillage could increase soil saturated hydraulic conductivity, field water capacity, and plant available water content, thereby improving soil aggregate stability and promoting soil quality. On the other hand, sufficient soil water availability probably leads to dense vegetation cover, which gives a positive feedback to soil quality.
Elevation and slope are two factors that cannot be ignored in mountain areas. There was a positive correlation between elevation and SQI, in agreement with the findings by Ghosh et al. [32] . This is mainly due to lower temperature at higher altitudes, which is beneficial for the accumulation of soil organic matter. Another reason is that elevation influences the distribution of soil type and vegetation distribution, due to temperature differentiation along altitudinal gradient. It was proven and confirmed by the soil quality increase from lowland croplands to high altitude broadleaf and needle-leaf forests, and from riverbed neo-alluvial soils, lowland cinnamon soils to montane brown soils in this study. Croplands with lower SQI values are mostly located in low altitude areas, while forests with higher SQI values are mainly situated in relatively high altitude areas. In addition, slope is another factor to affect SQI via soil redistribution [29, 63] . Soil is more prone to depositing at gentle slope sites and easily eroded at steep slope places. However, human activities such as farming, compressing, and polluting would reduce SQI and these activities mostly occurred in a location with a slope lower than 30 degrees, so in the combined effects of slope and land use, a parabola relation appeared between slope and SQI.
Relative Importance of Soil Quality Controlling Factors
The result of the BRT models indicated that the internal factor, soil type was the determinant factor for soil quality, while external factors, such as land cover, water availability, and topography, could modify soil quality to some degree. Among them, land cover had the highest importance among external factors. This is also confirmed by the results of path analysis. Soil quality was directly affected mainly by soil type and indirectly affected mostly by land cover. These results agreed with a study which reported that soil type was more important than land use in determining the quality of dissolved organic matter [64] , which was largely determined by soil organic matter and could be used as a plausible soil quality indicator [65, 66] . Generally, soil type related to parent material determined the background value of soil quality congenitally, and land cover linked to vegetation type held the key to changing soil quality. Compared to soil type and land cover, the other three factors had much smaller total effects on soil quality and their effects were primarily indirect. In addition, we noticed that the residual path coefficient is 0.780, implying that there still existed some other factors which were not considered in this study but should be considered in future studies to explore controlling factors of soil quality, such as human activities and land management.
Conclusions
The results from the Taihang Mountain showed that soil quality assessment from both the TDS and MDS method had a significant correlation with NDVI, indicating that soil quality indices can reflect vegetation growth status and both methods are effective for soil quality assessment. Given that it was relatively easy to acquire soil data, TDS was found to be slightly better to assess soil quality in the highly heterogeneous Taihang Mountains due to its accuracy and sensitivity. However, MDS was also proven to be an effective method of assessing soil quality in the study area. The BRT models and path analysis revealed that soil type was the most important factor determining soil quality. Soil type and land cover had the greatest direct and indirect effect on soil quality, respectively, suggesting that soil parent material set the basis of soil quality internally, while vegetation played the most important role in changing soil quality among external driving forces. However, a high residual path coefficient suggested that other factors, such as human activities, need to be included in future studies. The present study indicates that the soil survey dataset is an important data source to measure regional soil quality of natural soil ecosystem. Specifically, TDS is suitable for soil quality assessment in highly heterogeneous soil systems.
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